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Abstract 
The degree to which climate warming will stimulate soil organic carbon (SOC) losses via 
heterotrophic respiration remains uncertain, in part because different or even opposite 
microbial physiology and temperature relationships have been proposed in SOC models. 
We incorporated competing microbial carbon use efficiency (CUE)−mean annual 
temperature (MAT) and enzyme kinetic−MAT relationships into SOC models, and 
compared the simulated mass-specific soil heterotrophic respiration rates with multiple 
published datasets of measured respiration. The measured data included 110 dryland soils 
globally distributed, and two continental to global-scale cross-biome datasets. Model−data 
comparisons suggested that a positive CUE−MAT relationship best predicts the measured 
mass-specific soil heterotrophic respiration rates in soils distributed globally. These results 
are robust when considering models of increasing complexity and competing mechanisms 
driving soil heterotrophic respiration−MAT relationships (e.g., carbon substrate 
availability). Our findings suggest that a warmer climate selects for microbial communities 
with higher CUE, as opposed to the often hypothesized reductions in CUE by warming 
based on soil laboratory assays. Our results help to build the impetus for, and confidence in, 
including microbial mechanisms in soil biogeochemical models used to forecast changes in 










This article is protected by copyright. All rights reserved. 
1 Introduction 
Climate warming is expected to accelerate soil carbon dioxide (CO2) release to the 
atmosphere via microbial heterotrophic respiration (Bond-Lamberty, Bailey, Chen, Gough, & 
Vargas, 2018; Dorrepaal et al., 2009; Giardina, Litton, Crow, & Asner, 2014; Heimann & 
Reichstein, 2008), representing a positive climate−carbon (C) cycle feedback embedded in 
most Earth System Models (ESMs) (Ciais et al., 2014; Wieder et al., 2015). However, the 
confidence in the strength of this projected feedback is low because of uncertainties related to 
the representation of microbial processes in these models (Bradford et al., 2016). Specifically, 
soil biogeochemical sub-models in ESMs typically treat microbial physiological responses to 
temperature implicitly as a first-order process, whereby respired CO2 is proportional to the 
amount of soil C stocks (Todd-Brown et al., 2013; Wieder et al., 2015). A wealth of 
emerging experimental and observational data have led to questions about the validity of this 
approach, suggesting instead that a diverse suite of microbial responses to the thermal regime 
drives soil C losses with warming (Frey, Lee, Melillo, & Six, 2013; Shannon B. Hagerty et al., 
2014; Karhu et al., 2014; Walker et al., 2018). Furthermore, a proliferation of new models 
explicitly including microbial physiological and community dynamics show that soil C 
persistence and vulnerability to warming strongly depend on how such microbial processes 
are represented (Allison, Wallenstein, & Bradford, 2010; Ballantyne IV & Billings, 2018; 
Georgiou, Abramoff, Harte, Riley, & Torn, 2017). However the validity of these 
representations, and hence their ability to build confidence in hypothesized microbial and soil 
C responses to warming, is still compromised because projections are rarely tested against 
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carbon (SOC) models explicitly addressing microbial community-level properties (e.g., 
community composition, and density-dependent microbial turnover) has been recently tested 
against wide ranges of measured data in a couple of studies (Georgiou et al., 2017; Johnston 
& Sibly, 2018), this is not the case for models incorporating physiological attributes of 
microbes such as carbon use efficiency (CUE).  
 
Previous attempts to represent microbial physiology have focused on testing SOC models 
of increasing complexity that couple microbial processes with soil C turnover. To do so, these 
modeling exercises use relationships between temperature and physiological parameters such 
as microbial CUE and extracellular enzyme kinetics (Allison et al., 2010; Li, Wang, Allison, 
Mayes, & Luo, 2014; Walker et al., 2018; Wang, Post, & Mayes, 2013). For example, 
microbial CUE is an emergent property of multiple microbial processes (Shannon B Hagerty, 
Allison, & Schimel, 2018; Xu et al., 2014); it partitions the flow of soil C into microbial 
growth and heterotrophic respiration (Giorgio & Cole, 1998), two processes that are strongly 
affected by temperature (Kirschbaum, 1995; Romero-Olivares, Allison, & Treseder, 2017). 
Laboratory soil assays suggest that microbial respiration rates increase more with temperature 
than the rates of microbial growth, thus CUE has been hypothesized to decrease with 
warming (Kirschbaum, 1995; Steinweg, Plante, Conant, Paul, & Tanaka, 2008; Tucker, Bell, 
Pendall, & Ogle, 2013). However, support for such a decreasing CUE driven by warming is 
either weak or lacking in field studies (Blagodatskaya, Blagodatsky, Khomyakov, Myachina, 
& Kuzyakov, 2016; Dijkstra et al., 2011; Frey et al., 2013). Furthermore, recent empirical 
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(MAT, spatial difference between sites) of the source environments of microbes (Sinsabaugh, 
Moorhead, Xu, & Litvak, 2017; Sinsabaugh et al., 2016; Takriti et al., 2018). MAT represents 
the ambient thermal regime of microbes, and it is more relevant than assay temperature for 
long-term global C models such as those typically used to forecast the response of soil C 
stocks to warming (e.g., Xu et al., 2017). As most microbes live below their maximum 
physiological thermal limitation, they may shift towards more rapidly growing organisms, 
and thus more efficiently growing communities, under a higher MAT regime (Bradford, 2013; 
Ng, 1969; Pirt, 1965). A positive CUE-MAT relationship may also be indirectly driven by 
resource availability as plant C inputs are typically higher in warmer climates (Sinsabaugh et 
al., 2017; Sinsabaugh et al., 2016; Takriti et al., 2018). To help tease out which of these 
mechanisms is likely to be operating under natural conditions, SOC models should test such 
competing hypotheses by evaluating their ability to predict patterns observed with empirical 
data at the regional to global scale. 
 
Here we incorporated relationships between physiological attributes of microbial 
communities and MAT (Figure 1a) into both first-order and microbial-explicit SOC models. 
We then tested the ability of these models to predict mass-specific soil heterotrophic 
respiration (Rmass, respiration rate per unit of microbial biomass C) of 110 dryland soils 
measured in a short term laboratory incubation under optimal moisture (Dacal, Bradford, 
Plaza, Maestre, & García-Palacios, 2019). This global dryland dataset is highly suited to test 
competing expectations as to how microbial physiology should respond to MAT. This is 
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for all continents except Antarctica) and fine-scale differences in C substrate availability and 
microclimate within a given site (e.g. SOC within a site may be up to ~45% higher under 
vegetation compared to adjacent bare ground areas; Ochoa-Hueso et al., 2018). Further, Rmass 
was estimated using an experimental approach that controls for the main factors driving the 
microbial heterotrophic respiration-temperature relationship (i.e. microbial biomass and 
substrate availability; Dacal et al., 2019). We also compared our model simulated Rmass to 
continental-scale Rmass measurements for soils collected across boreal to tropical climates 
(Bradford et al., 2019) and a global-scale Rmass dataset compiled from published soil 
incubation studies (Xu et al., 2017). 
 
We focused on two sets of hypotheses testing whether relationships between CUE and 
MAT (Allison et al., 2010; Sinsabaugh et al., 2016), and between microbial extracellular 
enzyme kinetics and MAT (Allison, Romero-Olivares, Lu, Taylor, & Treseder, 2018; Allison 
et al., 2010; German, Marcelo, Stone, & Allison, 2012; Hochachka & Somero, 2002), are 
positive or negative (Figure 1). Additionally, we tested the robustness of these hypotheses 
against expected controls on respiratory patterns in SOC models (Crowther et al., 2016; 
Walker et al., 2018), such as microbial complexity (i.e. first order vs. microbial models) and 
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2 METHODS 
2.1 Hypothesized microbial physiology – temperature relationships  
In the first set of hypotheses (H1), we tested positive vs. negative CUE−MAT relationships 
without modifying the maximal activity (Vmax) and the half-saturation constant (Km) of soil 
microbial extracellular enzyme kinetics (Figure 1b). We defined MAT as the long-term 
ambient temperature regime of a site; it is commonly calculated as the mean of the annual 
temperatures for a 30-year period (Fick & Hijmans, 2017). 
 
H1a: CUE increases with warming (Sinsabaugh et al., 2017; Sinsabaugh et al., 2016; 
Takriti et al., 2018) following this equation:  
CUE = exp(−1.58 + 0.015 × MAT)                                (1) 
 
H1b: CUE decreases with warming based on laboratory soil incubation (Allison et al., 
2010; Li et al., 2014; Steinweg et al., 2008). Therefore, we also assumed that CUE decreases 
with the ambient thermal regime of microbes’ habitats following this equation: 
CUE = 0.63 − 0.016 × MAT                                     (2) 
 
The maximal activity and substrate affinity of microbial extracellular enzymes have also 
been used to explain patterns in soil heterotrophic respiration across climatic gradients 
(Allison et al., 2018; German et al., 2012; Hochachka & Somero, 2002). In the second set of 
hypotheses (H2, Figure 1b), we tested positive vs. negative extracellular enzyme kinetics 
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CUE = exp(−1.58 + 0.015 × 20). Currently, SOC models do not include a mechanism for the 
influence of soil stoichiometry (e.g. nitrogen to phosphorus ratio) on extracellular enzyme 
kinetics (Allison et al., 2010; Georgiou et al., 2017; Li et al., 2014). Therefore, we assumed 
that all resource stoichiometry and metabolic constraints remained constant across the MAT 
gradient, and all enzymes responded in parallel. 
 
H2a: When measured at the same laboratory assay T, Vmax and Km may be lower for 
enzymes from warmer habitats (German et al., 2012; Hochachka & Somero, 2002). We 
assumed Km decreases with warming at a rate of 1% per °C following this equation:  
 
Km × (1− 0.01 × MAT)                                          (3) 
Sinsabaugh et al. (2014) suggested that Vmax and Km generally change in the same 
direction, and Km could show a greater change than Vmax. We assumed that Vmax decreases 
with MAT at a lower rate of 0.5% following this equation:  
Vmax × (1− 0.005 × MAT)                                       (4) 
 
H2b: Vmax and Km usually increase with laboratory assay temperature (Allison et al., 
2018; German et al., 2012; Hochachka & Somero, 2002); we also assumed that both Km and 
Vmax increase with MAT following this equation: 
Km × (1+ 0.01 × MAT), and Vmax × (1+ 0.005 × MAT)                (5) 
Equations and parameters for calculating Km and Vmax are reported in the Supplementary 
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2.2 Soil organic carbon models 
We used four soil organic carbon (SOC) models that vary in structure and complexity (Figure 
S1), including a conventional first-order decomposition model (Parton, Stewart, & Cole, 
1988) and three microbial-explicit models (Allison et al., 2010; Georgiou et al., 2017; Li et 
al., 2014; Wang et al., 2013). Equations and parameters of the four SOC models used are 
given in the Supplementary Information (Method S1 and Table S1). All the SOC models used 
run at an hourly time step. The first-order model separates the soil C into three pools, 
including SOC, dissolved organic C (DOC) and microbial biomass C (MBC) (Parton et al., 
1988). This model describes the transfers of C between these soil C pools and to the 
atmosphere (i.e. respired CO2) using first-order linear decay rates that are modified by 
environmental scalars. The first-order model does not include an explicit CUE, but the 
transfer coefficients that specify partitioning of fluxes into CO2 versus soil C pools are 
analogous (Allison et al., 2010; Li et al., 2014). The CO2 respiration rate is the sum of the 
proportion of C fluxes that do not enter soil C pools (Ciais et al., 2014; Parton et al., 1988). In 
the microbial-explicit models, the rates of SOC decomposition and CO2 respiration depend 
on the sizes of both the soil C and the decomposer microbe (MBC) pools. The 
microbial-explicit models include a CUE that portions soil C into microbial growth and 
heterotrophic respiration (Georgiou et al., 2017; Li et al., 2014; Wang et al., 2013). The 
microbial models also explicitly include an enzyme pool (Georgiou et al., 2017; Li et al., 
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2.3 Soil heterotrophic respiration measurements 
Dacal et al. (2019) tested the relationship between soil heterotrophic respiration and MAT by 
incubating soils from 110 globally-distributed dryland sites in the laboratory. Briefly, soils 
were sampled separately under the canopy of vegetation and in bare ground areas devoid of 
perennial plants. Soils were incubated under controlled laboratory conditions with or without 
C substrate supply, where glucose (at a dose of 10 mg C g−1 dry soil) and sterile deionized 
water were added, respectively. Soils were incubated at three assay temperatures (10°C, 20°C 
and 30°C). The respiration rates were measured during the last 5 h of a 10 h-incubation 
period using the MicroRespTM technique (Campbell, Chapman, Cameron, Davidson, & Potts, 
2003). The short incubation time used prevents the acclimation of soil heterotrophic 
respiration to the assay temperatures of laboratory conditions (Dacal et al., 2019), an 
approach similar to those used in plants, cultured microbes and other soil studies (Atkin & 
Tjoelker, 2003; Bradford, Watts, & Davies, 2010; Hochachka & Somero, 2002; Tucker et al., 
2013). Dacal et al. (2019) built a linear mixed-effect regression model to test for the effects of 
MAT, assay temperatures, and micro-environment on potential respiration rates in the 110 
drylands, where microbial biomass was statistically controlled (i.e. included as a covariate in 
the model). They estimated the effect sizes of MAT, assay temperatures and 
micro-environment using coefficients of the regression. We used the effects of MAT, assay 
temperatures and micro-environment on Rmass from Dacal et al. (2019) to confront our SOC 
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 We also compared our SOC model simulations to other two large-scale studies (Bradford 
et al., 2019; Xu et al., 2017). Bradford et al. (2019) measured respiration rates for soils from 
11 sites in the laboratory with standard temperatures, moisture and excess C substrate. The 
sites used in this study spanned from boreal to tropical climates, with a mean annual 
temperature varying from −2.0°C to 21.7°C. Bradford et al. (2019) also built a linear 
mixed-effect regression model to test for the effects of MAT, assay temperatures, and 
microbial biomass on soil respiration rates. Xu et al. (2017) compiled a global Rmass dataset 
from published soil incubation studies. Due to the different incubation temperatures used 
among publications, Xu et al. (2017) adjusted Rmass rates measured at different incubation 
temperatures to their long-term average site soil temperatures using a temperature sensitivity 
Q10 = 2. They found that the adjusted Rmass rates increase exponentially with the long-term 
average site soil temperatures, log (Rmass) = −3.1102 + 0.0214 × Tsoil (where Tsoil is the site 
soil temperature; R2 = 0.0698; P < 0.001).  
 
2.4 Model simulations and comparisons with empirical data 
We incorporated the four microbial physiology vs. MAT relationships described in the 
Hypothesis testing section above into SOC models, and tested their ability to simulate soil 
microbial heterotrophic respiration measured in soils from 110 global drylands (Figure 1). To 
increase the consistency between the model outputs and the short-term soil incubations used 
to test them, we (i) established 31 “theoretical” sites across the MAT gradient present in the 
dryland sites surveyed (ranging from −2°C to 28°C, one site for each 1°C difference in MAT), 
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relationships at 10°C, 20°C and 30°C assay temperatures, and (iii) set the C inputs to zero 
during the 10 h simulations. As soil microbial biomass may not change during this short 
timescale, we also ran the models for one year to explore the longer-term changes in soil 
heterotrophic respiration, microbial biomass and organic C. The conventional first-order 
model represents the decomposition rate of each pool as a first-order decay process, where 
the decay increases exponentially with temperature according to the Arrhenius relationship 
(see Method S1 Equation 1 for the calculation). In the microbial-explicit models, soil 
microbial extracellular enzyme kinetics (Vmax and Km) also have an Arrhenius dependence on 
temperature. We ran the SOC models with temperature = 10ºC, 20ºC and 30°C, respectively, 
which is analogous to the three assay temperatures used in the soil incubations studies. 
 
To mimic Xu et al.’s (2017) analyses, which adjusted Rmass rates at different incubation 
temperatures to the long-term average temperatures of the soils studied, we simulated Rmass 
by setting an assay temperature (T) that matched the site’s long-term MAT value. We 
compared our simulations to those reported in Xu et al. (2017), assuming that the long-term 
site soil temperature equals its MAT. Bradford et al. (2019) and Dacal et al. (2019) also 
conducted  similar analyses. They developed a linear mixed-effect model between 
respiration rates and MAT, assay temperature, microbial biomass. They then estimated Rmass 
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We accounted for the influence of changes in microbial biomass and in C substrate 
availability, which are major mechanisms underlying temperature effects on soil 
heterotrophic respiration (Bradford et al., 2008; Erhagen, Ilstedt, & Nilsson, 2015; Walker et 
al., 2018). To do so, we calculated the Rmass rates as the respiration rates per unit microbial 
biomass C (g C g microbial biomass–1 day–1). This is necessary to control for microbial 
biomass changes, as biomass itself is a factor that regulates soil heterotrophic respiration 
(Bradford et al., 2008; Walker et al., 2018). To account for changes in C substrate availability, 
we used two sets of initial carbon pool sizes; i.e. equilibrium steady state vs. enlarged C pool 
sizes. First, we used each model’s equilibrium steady state C pool sizes at a 20°C reference 
temperature and CUE = exp(−1.58 + 0.015 × 20) as its initial values (see Table S2 for the 
values used). Second, we enlarged the equilibrium steady state DOC pool size by 100 times 
to remove substrate limitation, representing a scenario of C substrate in excess of microbial 
demand. We compared the two sets of model simulated Rmass rates to those measured in the 
soil laboratory incubations with water and excess glucose (10 mg C g−1 dry soil) as substrates 
(Dacal et al., 2019), resembling ambient and excess C substrates scenarios, respectively.  
 
We derived the steady-state pool sizes from the analytical solutions for the simpler SOC 
models (the first-order model, and the two- and four-pool microbial models, see Method S1), 
and from a spin-up model run for the more complex six-pool microbial model (Allison et al., 
2010; Georgiou et al., 2017; Li et al., 2014; Ye, Reynolds, & Li, 2014). To facilitate 
comparisons among the hypotheses and models used, we reported the relative changes (%) in 
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respective models, as done in prior studies (Georgiou et al., 2017; Li et al., 2014). As the 
three microbial-explicit models displayed essentially similar patterns (Figure S2), we only 
show in the main text the results of the model that includes four C pools. The complexity of 
the four-pool microbial model is comparable to that of the first-order model; the two models 
share three similar C pools, i.e. SOC, DOC and MBC (Figure S1a and S1c), which allows a 
more direct inter-model comparison.  
 
Finally, we also explored potential mechanisms behind a positive CUE − MAT 
relationship using the measured Rmass rates in the vegetated patches and open areas. Vegetated 
patches in drylands have lower temperature microclimates than bare ground areas due to 
shading and evaporative cooling (Maestre, Bautista, Cortina, & Bellot, 2001; Molles, Cahill, 
& Laursen, 2015), and higher resources because plant-C inputs and SOC are concentrated 
there (Dacal et al., 2019; Molles et al., 2015; Ochoa-Hueso et al., 2018). A positive CUE − 
MAT relationship may arise because higher temperatures and/or greater resource availability 
select for more growth-efficient microbial communities in warmer climates (Bradford, 2013; 
Ng, 1969; Sinsabaugh et al., 2017; Sinsabaugh et al., 2016). We simulated these mechanisms 
as (i) CUE in the vegetated patches = exp[−1.58 + 0.015 × (MAT − 10)], assuming that a 
vegetated patch is 10°C cooler than its corresponding open area (Molles et al., 2015), and (ii) 
CUE in the vegetated patches = exp(−1.58 + 0.015 × MAT) × 1.45, assuming that SOC is 
~45% higher under vegetated patches than in open areas (Dacal et al., 2019; Molles et al., 
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3 Results 
Our short-term (10 h) SOC model simulations incorporating a positive CUE−MAT 
relationship (Hypothesis 1a, Figure 1) are consistent with the Rmass patterns observed across 
110 global drylands (Figure 2a-c). At a common assay temperature, both the simulated and 
measured Rmass are lower at sites with higher MAT (0.3−1.5% lower per extra °C, P < 0.05). 
Such a Rmass pattern is consistent in both the first-order and microbial-explicit SOC models 
(Figure 2b-c), and is maintained when C substrate is supplied in excess of microbial demand 
(Figure 2) or at ambient values (Figure S3). The same results were found when the models 
were simulated for one year (Figure 3a-b). Our model simulations using a negative 
CUE−MAT relationship (Hypothesis 1b, Figure 1), however, show the opposite Rmass−MAT 
relationship to that observed in the global dryland empirical dataset (Figure 2d-e). That is, 
Rmass increases under this condition with the MAT of the source environment, and this 
increase is found regardless of the three temperatures at which soils were assayed in the 
laboratory (Figure 2d-e). 
 
In the longer term (one year), both the first-order and microbial models showed that 
increasing CUE with MAT also leads to higher microbial biomass carbon (MBC, Figure 
3c-d). However, the two models differed in the responses of MBC to assay temperature, and 
those of SOC to MAT. Microbial biomass C decreased with assay temperature in the 
first-order model (Figure 3c), while increased with assay temperature (and with smaller effect 
sizes) in the microbial model (Figure 3d). Soil organic C increased with increasing MAT in 
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3f). However, in both models, SOC decreased with increasing assay temperature (Figure 
3e-f).  
 
We further tested whether a positive relationship between microbial CUE and MAT 
arises because of higher temperatures or greater resource availability in warmer climates. 
When simulating the effects of temperature (i.e. a higher CUE in open areas), we found that 
Rmass was ~5% higher under vegetated patches than in open areas, which is consistent with 
the patterns observed in global drylands (Figure 4a-c). Conversely, when simulating the 
resource availability driver (i.e. a higher CUE under vegetated patches), the simulated pattern 
was the opposite of that observed in global drylands (Figure 4d-e). These results were also 
consistent regardless of the ambient C substrate scenario considered (Figure S4). 
 
We also tested the ability of soil extracellular enzyme responses to predict the patterns in 
Rmass observed across drylands. When testing a negative Vmax− and Km −MAT relationship 
(Hypothesis 2a, Figure 1b) under C substrate in excess of microbial demand, the simulated 
Rmass at a common assay temperature was lower at higher MAT (0.2−0.5% lower per extra °C, 
P < 0.001; Figure 5a). Such a pattern is consistent with that observed for global drylands 
(Figure 2a), which the positive Vmax− and Km −MAT relationship (Hypothesis 2b, Figure 1b) 
did not successfully simulate (Figure 5b). However, when considering both scenarios of C 
substrate in excess and at ambient levels, neither of the two hypothesized relationships 
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Finally, we simulated the response of Rmass to assay temperature. Both models 
represented the measured increase in Rmass with assay temperature, when C substrate was in 
excess of microbial demand or at ambient levels (Figures 2 and 5, and Figures S3 and S5). 
The measured Rmass was ~40% higher at 20°C than at 10°C assay temperatures, and ~65% 
higher at 30°C than at 20°C in the 110 global dryland soils (Figure 2a), representing an 
exponential increase. The two values were comparable for the microbial-explicit model 
(~50% and ~75%, respectively; Figure 2c), while were larger for the first-order model (~50% 
and ~90%, respectively; Figure 2b). Such exponential increases were much clearer when we 
set an assay temperature that matched the site’s long-term MAT value in the SOC models 
(Figure 6). Our comparison to several large-scale empirical datasets further showed that a 
positive CUE-MAT predicted Rmass better than a negative relationship, in both the first-order 
and microbial-explicit models (Figure 6). 
 
4 Discussion 
4.1 Increasing microbial carbon use efficiency with warming predicts soil heterotrophic 
respiration globally 
Combining diverse SOC models (Allison et al., 2010; Li et al., 2014) and multiple published 
datasets of measured soil respiration rates (Bradford et al., 2019; Dacal et al., 2019; Xu et al., 
2017), our study provides a unique test of different assumptions about soil microbial 
physiology as a function of MAT. We found that a positive CUE−MAT relationship 
predicted the decreasing mass-specific soil heterotrophic respiration rates with ambient 
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Rmass with MAT has also been found across boreal, temperate and tropical climates (Bradford 
et al., 2019). Given that there are global analyses suggesting a positive CUE−MAT 
relationship for soil microbial biomass (Sinsabaugh et al., 2017; Sinsabaugh et al., 2016; 
Takriti et al., 2018), the CUE−MAT relationship provides a plausible explanation for the 
observed decreasing Rmass with MAT. Our findings suggest that a warmer climate may select 
for microbial communities with higher CUE, as opposed to the often hypothesized reductions 
in CUE with warming found in laboratory soil studies (Steinweg et al., 2008; Tucker et al., 
2013). 
 
 Microbial CUE has been assumed to increase with MAT because resource availability 
from plant C inputs is typically higher in warmer climates (Sinsabaugh et al., 2017; 
Sinsabaugh et al., 2016). Our model−data comparison of vegetated patches vs. open areas 
suggested that the effect of MAT on CUE is robust when considering different levels of C 
substrate availability. First, the observed pattern that Rmass is higher under vegetated patches 
than in open areas was maintained when C substrate availability is in excess of microbial 
demand (Figure 4a), as well as when any C substrate limitation was not alleviated (Figure 
S3a; Bradford et al., 2019; Dacal et al., 2019). Second, vegetated patches have lower MAT, 
and thus lower CUE, than open areas. Representing this mechanism in our SOC models led to 
simulated patterns of Rmass consistent with those observed in the 110 drylands studied (Figure 
4a, d, e). Third, resource availability such as SOC actually decreases, not increases, with 
MAT across the globe (Delgado-Baquerizo et al., 2013; Xu et al., 2017; Ye, 
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considering competing mechanisms driving soil respiration−MAT relationships, such as 
direct vs. indirect C substrate availability effects (Crowther et al., 2016; Walker et al., 2018). 
However, as the SOC models did not include other resources, such as nitrogen and 
phosphorus (Xu et al., 2017), we could not conclude definitively that the effect of MAT on 
CUE is independent of resource availability. Furthermore, soil heterotrophic respiration rates 
were measured and simulated under optimal moisture, whereas in drylands moisture 
limitation is a strong control on respiration rates but was not considered in our study. Future 
work should examine the influence of moisture, especially given that temperature increases in 
drylands tend to parallel decreases in moisture availability. 
 
Although recognizing CUE is an emergent property of multiple microbial processes 
(Shannon B Hagerty et al., 2018; Xu et al., 2014), we represented it as a single variable given 
that the main objective of our study was to confront different assumptions about the response 
of microbial CUE to warming with empirical data (Figure 1). A single CUE matched the 
measurement of the empirical soil respiration data used, which were also the sum of different 
respiratory components (Bradford et al., 2019; Dacal et al., 2019; Xu et al., 2017). Therefore, 
neither the empirical data nor our modeling approach allows us to distinguish which 
respiratory component(s) adjusts to MAT, and hence to explain why there should be a 
positive effect of MAT on CUE. Nevertheless, our results are consistent with theory and data 
suggesting that microbial life history strategies shift toward more rapidly growing organisms 
in warmer climates, with maintenance costs remaining relatively constant (Bradford, 2013; 
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4.2 Implications of the model inter-comparisons 
Although the first-order and microbial models could represent the observed Rmass-MAT 
pattern, the positive CUE-MAT relationship had different implications for SOC stocks. 
Microbial biomass does not feedback to SOC decomposition in the first-order model (Ciais et 
al., 2014; Parton et al., 1988). Thus, SOC increases with MAT in the first-order model 
(Figure 3) simply because less carbon is respired as a result of an increase in CUE. In the 
microbial models, an increase in CUE leads to higher microbial biomass, which then 
produces more enzymes and consumes more SOC (Figure 3). The microbial models then 
allow a feedback from the microbial pool size to SOC decomposition rates (Georgiou et al., 
2017; Li et al., 2014; Schimel & Weintraub, 2003; Wang et al., 2013). The simulated inverse 
relationship between MAT and SOC stock in the microbial model (Figure 3f) is consistent 
with that found in soils globally (Xu et al., 2017; Ye et al., 2019). In this regard, the 
microbial-explicit model is a more accurate representation than the first-order model. 
Although the soil C stock is not only determined by soil microbial biomass and respiration, 
but also by factors such as C inputs from vegetation (Crowther et al., 2016; Xu et al., 2014), 
improving our ability to simulate microbial physiology (i.e. in this case Rmass) is necessary if 
we are to increase confidence in model projections of how temperature changes will affect 
soil carbon stocks. 
 
In short-term assays, we would expect total respiration and Rmass to increase with 
laboratory assay temperature (Bradford et al., 2019; Dacal et al., 2019; Xu et al., 2017), at 
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metabolic rates to temperature (Hochachka & Somero, 2002). Indeed, all models represented 
the observed exponential increase in Rmass with assay temperature, and the microbial-explicit 
model performed relatively better than the first-order model (Figures 2 and 6). The 
exponential pattern of soil heterotrophic respiration responses to temperature is a typical 
output of first-order models where SOC decay rate (and thus CO2 efflux) is calculated by the 
Arrhenius relationship (Davidson & Janssens, 2006). By contrast, microbial-explicit models 
typically use the more complex Michaelis−Menten process to calculate CO2 efflux (Allison et 
al., 2010; Buchkowski, Bradford, Grandy, Schmitz, & Wieder, 2017; Li et al., 2014; Manzoni 
& Porporato, 2009). The Michaelis−Menten reaction rate results from simultaneous changes 
in substrate concentration (to account for the influence of C substrate availability) and in two 
kinetic parameters (Vmax and Km, both are calculated by the Arrhenius relationship). 
Considering that the SOC models used in our study were not specifically developed and 
parameterized for any of the three empirical studies used for comparison purposes (Bradford 
et al., 2019; Dacal et al., 2019; Xu et al., 2017), the agreement between the measured Rmass 
and that simulated by the microbial-explicit model is remarkable (Figures 2 and 6). Hence, 
our analyses support the explicit representation of microbial physiology in SOC models to 
simulate accurately both the temporal (assay temperature) and spatial (MAT) response of 
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4.3 Concluding remarks 
Our results indicate that the assumption of a positive CUE−MAT relationship can accurately 
simulate patterns of mass-specific heterotrophic respiration rates found in multiple empirical 
studies across a 30°C MAT gradient. Our modeling results are robust to variation in other 
factors thought to influence CUE and Rmass, such as carbon substrate availability (Crowther et 
al., 2016; Walker et al., 2018). Further, the positive CUE−MAT relationship provides a 
plausible mechanistic explanation for the observed negative effects of MAT on mass-specific 
heterotrophic respiration, a pattern found not only in drylands but also from arctic to tropical 
biomes (Bradford et al., 2019; Dacal et al., 2019). Our results provide novel insights into the 
mechanisms underlying soil respiration responses to MAT regimes and indicate that SOC 
models should incorporate a positive CUE−MAT relationship. Doing so would undoubtedly 
improve the confidence of their predictions, and thus our ability to accurately forecast C 
stocks and dynamics in a warmer world. 
Acknowledgements 
J.-S.Y. was funded by the Second Tibetan Plateau Scientific Expedition and Research 
(2019QZKK0305) and the Fundamental Research Funds for the Central Universities 
(lzujbky-2019-kb36). This research was supported by the European Research Council 
(ERC Grant Agreements 242658 [BIOCOM] and 647038 [BIODESERT]). M. D. is 
supported by a FPU fellowship from the Spanish Ministry of Education, Culture and Sports 
(Ref. FPU-15/00392). P.G.P. acknowledges the Spanish Ministry of Economy and 











This article is protected by copyright. All rights reserved. 
References  
Allison, S. D., Romero-Olivares, A. L., Lu, Y., Taylor, J. W., & Treseder, K. K. (2018). 
Temperature sensitivities of extracellular enzyme Vmax and Km across thermal 
environments. Global Change Biology, 24(7), 2884-2897. 
doi:doi:10.1111/gcb.14045 
Allison, S. D., Wallenstein, M. D., & Bradford, M. A. (2010). Soil-carbon response to 
warming dependent on microbial physiology. Nature Geoscience, 3, 336. 
doi:10.1038/ngeo846 
Atkin, O. K., & Tjoelker, M. G. (2003). Thermal acclimation and the dynamic response of 
plant respiration to temperature. Trends in Plant Science, 8(7), 343-351. 
doi:https://doi.org/10.1016/S1360-1385(03)00136-5 
Ballantyne IV, F., & Billings, S. A. (2018). Model formulation of microbial CO2 
production and efficiency can significantly influence short and long term soil C 
projections. The ISME Journal, 12(6), 1395-1403. doi:10.1038/s41396-018-0085-1 
Blagodatskaya, Е., Blagodatsky, S., Khomyakov, N., Myachina, O., & Kuzyakov, Y. 
(2016). Temperature sensitivity and enzymatic mechanisms of soil organic matter 
decomposition along an altitudinal gradient on Mount Kilimanjaro. Scientific 
Reports, 6, 22240. doi:10.1038/srep22240 
Bond-Lamberty, B., Bailey, V. L., Chen, M., Gough, C. M., & Vargas, R. (2018). Globally 
rising soil heterotrophic respiration over recent decades. Nature, 560(7716), 80-83. 
doi:10.1038/s41586-018-0358-x 










This article is protected by copyright. All rights reserved. 
Frontiers in Microbiology, 4(333). doi:10.3389/fmicb.2013.00333 
Bradford, M. A., Davies, C. A., Frey, S. D., Maddox, T. R., Melillo, J. M., Mohan, J. E., . . . 
Wallenstein, M. D. (2008). Thermal adaptation of soil microbial respiration to 
elevated temperature. Ecology Letters, 11(12), 1316-1327. 
doi:doi:10.1111/j.1461-0248.2008.01251.x 
Bradford, M. A., McCulley, R. L., Crowther, T. W., Oldfield, E. E., Wood, S. A., & Fierer, 
N. (2019). Cross-biome patterns in soil microbial respiration predictable from 
evolutionary theory on thermal adaptation. Nature Ecology & Evolution, 3(2), 
223-231. doi:10.1038/s41559-018-0771-4 
Bradford, M. A., Watts, B. W., & Davies, C. A. (2010). Thermal adaptation of 
heterotrophic soil respiration in laboratory microcosms. Global Change Biology, 
16(5), 1576-1588. doi:doi:10.1111/j.1365-2486.2009.02040.x 
Bradford, M. A., Wieder, W. R., Bonan, G. B., Fierer, N., Raymond, P. A., & Crowther, T. 
W. (2016). Managing uncertainty in soil carbon feedbacks to climate change. 
Nature Climate Change, 6(8), 751-758. doi:10.1038/nclimate3071 
Buchkowski, R. W., Bradford, M. A., Grandy, A. S., Schmitz, O. J., & Wieder, W. R. 
(2017). Applying population and community ecology theory to advance 
understanding of belowground biogeochemistry. Ecology Letters, 20(2), 231-245. 
doi:doi:10.1111/ele.12712 
Campbell, C. D., Chapman, S. J., Cameron, C. M., Davidson, M. S., & Potts, J. M. (2003). 
A rapid microtiter plate method to measure carbon dioxide evolved from carbon 










This article is protected by copyright. All rights reserved. 
communities by using whole soil. Applied and environmental microbiology, 69(6), 
3593-3599. doi:10.1128/aem.69.6.3593-3599.2003 
Ciais, P., Sabine, C., Bala, G., Bopp, L., Brovkin, V., Canadell, J., . . . Heimann, M. (2014). 
Carbon and other biogeochemical cycles. In Climate Change 2013: The Physical 
Science Basis. Contribution of Working Group I to the Fifth Assessment Report of 
the Intergovernmental Panel on Climate Change (pp. 465-570): Cambridge 
University Press. 
Crowther, T. W., Todd-Brown, K. E. O., Rowe, C. W., Wieder, W. R., Carey, J. C., 
Machmuller, M. B., . . . Bradford, M. A. (2016). Quantifying global soil carbon 
losses in response to warming. Nature, 540, 104. doi:10.1038/nature20150 
https://www.nature.com/articles/nature20150#supplementary-information 
Dacal, M., Bradford, M. A., Plaza, C., Maestre, F. T., & García-Palacios, P. (2019). Soil 
microbial respiration adapts to ambient temperature in global drylands. Nature 
Ecology & Evolution, 3(2), 232-238. doi:10.1038/s41559-018-0770-5 
Davidson, E. A., & Janssens, I. A. (2006). Temperature sensitivity of soil carbon 
decomposition and feedbacks to climate change. Nature, 440, 165. 
doi:10.1038/nature04514 
Delgado-Baquerizo, M., Maestre, F. T., Gallardo, A., Bowker, M. A., Wallenstein, M. D., 
Quero, J. L., . . . Zaady, E. (2013). Decoupling of soil nutrient cycles as a function 
of aridity in global drylands. Nature, 502, 672. doi:10.1038/nature12670 
Dijkstra, P., Thomas, S. C., Heinrich, P. L., Koch, G. W., Schwartz, E., & Hungate, B. A. 










This article is protected by copyright. All rights reserved. 
Evidence for altered metabolic pathway activity but not for increased maintenance 
respiration and reduced carbon use efficiency. Soil Biology and Biochemistry, 
43(10), 2023-2031. doi:https://doi.org/10.1016/j.soilbio.2011.05.018 
Dorrepaal, E., Toet, S., van Logtestijn, R. S. P., Swart, E., van de Weg, M. J., Callaghan, T. 
V., & Aerts, R. (2009). Carbon respiration from subsurface peat accelerated by 
climate warming in the subarctic. Nature, 460, 616. doi:10.1038/nature08216 
Erhagen, B., Ilstedt, U., & Nilsson, M. B. (2015). Temperature sensitivity of heterotrophic 
soil CO2 production increases with increasing carbon substrate uptake rate. Soil 
Biology and Biochemistry, 80, 45-52. 
doi:https://doi.org/10.1016/j.soilbio.2014.09.021 
Fick, S. E., & Hijmans, R. J. (2017). WorldClim 2: new 1-km spatial resolution climate 
surfaces for global land areas. International Journal of Climatology, 37(12), 
4302-4315. doi:doi:10.1002/joc.5086 
Frey, S. D., Lee, J., Melillo, J. M., & Six, J. (2013). The temperature response of soil 
microbial efficiency and its feedback to climate. Nature Climate Change, 3, 395. 
doi:10.1038/nclimate1796 
Georgiou, K., Abramoff, R. Z., Harte, J., Riley, W. J., & Torn, M. S. (2017). Microbial 
community-level regulation explains soil carbon responses to long-term litter 
manipulations. Nature Communications, 8(1), 1223. 
doi:10.1038/s41467-017-01116-z 
German, D. P., Marcelo, K. R. B., Stone, M. M., & Allison, S. D. (2012). The 










This article is protected by copyright. All rights reserved. 
a crosslatitudinal study. Global Change Biology, 18(4), 1468-1479. 
doi:10.1111/j.1365-2486.2011.02615.x 
Giardina, C. P., Litton, C. M., Crow, S. E., & Asner, G. P. (2014). Warming-related 
increases in soil CO2 efflux are explained by increased below-ground carbon flux. 
Nature Climate Change, 4, 822. doi:10.1038/nclimate2322 
Giorgio, P. A. d., & Cole, J. J. (1998). BACTERIAL GROWTH EFFICIENCY IN 
NATURAL AQUATIC SYSTEMS. Annual Review of Ecology and Systematics, 
29(1), 503-541. doi:10.1146/annurev.ecolsys.29.1.503 
Hagerty, S. B., Allison, S. D., & Schimel, J. P. (2018). Evaluating soil microbial carbon use 
efficiency explicitly as a function of cellular processes: implications for 
measurements and models. Biogeochemistry, 140(3), 269-283.  
Hagerty, S. B., van Groenigen, K. J., Allison, S. D., Hungate, B. A., Schwartz, E., Koch, G. 
W., . . . Dijkstra, P. (2014). Accelerated microbial turnover but constant growth 
efficiency with warming in soil. Nature Climate Change, 4, 903. 
doi:10.1038/nclimate2361 
Heimann, M., & Reichstein, M. (2008). Terrestrial ecosystem carbon dynamics and climate 
feedbacks. Nature, 451, 289. doi:10.1038/nature06591 
Hochachka, P. W., & Somero, G. N. (2002). Biochemical adaptation: mechanism and 
process in physiological evolution: Oxford University Press. 
Johnston, A. S. A., & Sibly, R. M. (2018). The influence of soil communities on the 











This article is protected by copyright. All rights reserved. 
Karhu, K., Auffret, M. D., Dungait, J. A. J., Hopkins, D. W., Prosser, J. I., Singh, B. K., . . . 
Hartley, I. P. (2014). Temperature sensitivity of soil respiration rates enhanced by 
microbial community response. Nature, 513, 81. doi:10.1038/nature13604 
https://www.nature.com/articles/nature13604#supplementary-information 
Kirschbaum, M. U. F. (1995). The temperature dependence of soil organic matter 
decomposition, and the effect of global warming on soil organic C storage. Soil 
Biology and Biochemistry, 27(6), 753-760. 
doi:https://doi.org/10.1016/0038-0717(94)00242-S 
Li, J., Wang, G., Allison, S. D., Mayes, M. A., & Luo, Y. (2014). Soil carbon sensitivity to 
temperature and carbon use efficiency compared across microbial-ecosystem 
models of varying complexity. Biogeochemistry, 119(1), 67-84. 
doi:10.1007/s10533-013-9948-8 
Maestre, F. T., Bautista, S., Cortina, J., & Bellot, J. (2001). Potential for Using Facilitation 
by Grasses to Establish Shrubs on a Semiarid Degraded Steppe. Ecological 
Applications, 11(6), 1641-1655. 
doi:10.1890/1051-0761(2001)011[1641:pfufbg]2.0.co;2 
Manzoni, S., & Porporato, A. (2009). Soil carbon and nitrogen mineralization: Theory and 
models across scales. Soil Biology and Biochemistry, 41(7), 1355-1379. 
doi:https://doi.org/10.1016/j.soilbio.2009.02.031 
Molles, M. C., Cahill, J. F., & Laursen, A. (2015). Ecology: concepts and applications: 
McGraw-Hill Science/Engineering/Math. 










This article is protected by copyright. All rights reserved. 
Journal of bacteriology, 98(1), 232-237.  
Ochoa-Hueso, R., Eldridge, D. J., Delgado-Baquerizo, M., Soliveres, S., Bowker, M. A., 
Gross, N., . . . Maestre, F. T. (2018). Soil fungal abundance and plant functional 
traits drive fertile island formation in global drylands. Journal of Ecology, 106(1), 
242-253. doi:doi:10.1111/1365-2745.12871 
Parton, W. J., Stewart, J. W. B., & Cole, C. V. (1988). Dynamics of C, N, P and S in 
grassland soils: a model. Biogeochemistry, 5(1), 109-131. doi:10.1007/bf02180320 
Pirt, S. (1965). The maintenance energy of bacteria in growing cultures. Proc. R. Soc. Lond. 
B, 163(991), 224-231.  
Romero-Olivares, A. L., Allison, S. D., & Treseder, K. K. (2017). Soil microbes and their 
response to experimental warming over time: A meta-analysis of field studies. Soil 
Biology and Biochemistry, 107, 32-40. 
doi:https://doi.org/10.1016/j.soilbio.2016.12.026 
Schimel, J. P., & Weintraub, M. N. (2003). The implications of exoenzyme activity on 
microbial carbon and nitrogen limitation in soil: a theoretical model. Soil Biology 
and Biochemistry, 35(4), 549-563. 
doi:https://doi.org/10.1016/S0038-0717(03)00015-4 
Sinsabaugh, R. L., Belnap, J., Findlay, S. G., Shah, J. J. F., Hill, B. H., Kuehn, K. A., . . . 
Warnock, D. D. (2014). Extracellular enzyme kinetics scale with resource 
availability. Biogeochemistry, 121(2), 287-304. doi:10.1007/s10533-014-0030-y 
Sinsabaugh, R. L., Moorhead, D. L., Xu, X., & Litvak, M. E. (2017). Plant, microbial and 










This article is protected by copyright. All rights reserved. 
of gross primary production. New Phytologist, 214(4), 1518-1526. 
doi:doi:10.1111/nph.14485 
Sinsabaugh, R. L., Turner, B. L., Talbot, J. M., Waring, B. G., Powers, J. S., Kuske, C. 
R., . . . Follstad, S. J. J. (2016). Stoichiometry of microbial carbon use efficiency in 
soils. Ecological Monographs, 86(2), 172-189. doi:doi:10.1890/15-2110.1 
Steinweg, J. M., Plante, A. F., Conant, R. T., Paul, E. A., & Tanaka, D. L. (2008). Patterns 
of substrate utilization during long-term incubations at different temperatures. Soil 
Biology and Biochemistry, 40(11), 2722-2728. 
doi:https://doi.org/10.1016/j.soilbio.2008.07.002 
Takriti, M., Wild, B., Schnecker, J., Mooshammer, M., Knoltsch, A., Lashchinskiy, N., . . . 
Richter, A. (2018). Soil organic matter quality exerts a stronger control than 
stoichiometry on microbial substrate use efficiency along a latitudinal transect. Soil 
Biology and Biochemistry, 121, 212-220. 
doi:https://doi.org/10.1016/j.soilbio.2018.02.022 
Todd-Brown, K., Randerson, J., Post, W., Hoffman, F., Tarnocai, C., Schuur, E., & Allison, 
S. (2013). Causes of variation in soil carbon simulations from CMIP5 Earth system 
models and comparison with observations. Biogeosciences, 10, 1717-1736.  
Tucker, C. L., Bell, J., Pendall, E., & Ogle, K. (2013). Does declining carbon-use 
efficiency explain thermal acclimation of soil respiration with warming? Global 
Change Biology, 19(1), 252-263. doi:doi:10.1111/gcb.12036 
Walker, T. W. N., Kaiser, C., Strasser, F., Herbold, C. W., Leblans, N. I. W., Woebken, 










This article is protected by copyright. All rights reserved. 
explain soil carbon loss with warming. Nature Climate Change. 
doi:10.1038/s41558-018-0259-x 
Wang, G., Post, W. M., & Mayes, M. A. (2013). Development of 
microbialenzymemediated decomposition model parameters through 
steadystate and dynamic analyses. Ecological Applications, 23(1), 255-272. 
doi:10.1890/12-0681.1 
Wieder, W. R., Allison, S. D., Davidson, E. A., Georgiou, K., Hararuk, O., He, Y., . . . Xu, 
X. (2015). Explicitly representing soil microbial processes in Earth system models. 
Global Biogeochemical Cycles, 29(10), 1782-1800. 
doi:doi:10.1002/2015GB005188 
Xu, X., Schimel, J. P., Janssens, I. A., Song, X., Song, C., Yu, G., . . . Thornton, P. E. 
(2017). Global pattern and controls of soil microbial metabolic quotient. Ecological 
Monographs, 87(3), 429-441. doi:10.1002/ecm.1258 
Xu, X., Schimel, J. P., Thornton, P. E., Song, X., Yuan, F., & Goswami, S. (2014). 
Substrate and environmental controls on microbial assimilation of soil organic 
carbon: a framework for Earth system models. Ecology Letters, 17(5), 547-555.  
Ye, J.-S., Delgado-Baquerizo, M., Soliveres, S., & Maestre, F. T. (2019). 
Multifunctionality debt in global drylands linked to past biome and climate. Global 
Change Biology, 25(6), 2152-2161. doi:10.1111/gcb.14631 
Ye, J.-S., Reynolds, J. F., & Li, F.-M. (2014). A mechanistic-bioclimatic modeling analysis 
of the potential impact of climate change on biomes of the Tibetan Plateau. Ecology, 










This article is protected by copyright. All rights reserved. 
Figure captions 
Figure 1. Diagrammatic overview of our study (a) and of the different hypotheses tested 
regarding microbial physiology−mean annual temperature (MAT) relationships (b). CUE is 
the soil microbial carbon use efficiency. Vmax and Km are the maximal activity and the 
half-saturation constant of soil microbial extracellular enzyme kinetics, respectively. SOC is 
soil organic carbon. See the Hypothesis testing section within the Methods for a detailed 
explanation and rationale of the hypotheses tested.  
 
Figure 2. Effects of mean annual temperature (MAT) and microbial carbon use efficiency 
(CUE) on mass-specific soil heterotrophic respiration rates (Rmass) assessed in a laboratory 
incubation of 110 dryland soils (a) and with soil organic carbon (SOC) models (b-e). (a) The 
effect sizes were estimated using coefficients from a linear mixed-effect model between Rmass, 
MAT, assay temperature and microbial biomass (a). SOC models simulated Rmass using 
positive vs. negative CUE−MAT relationships (corresponding to Hypothesis 1a and 1b in 
Figure 1, respectively) in first-order and microbial-explicit SOC models (b-e). Rmass was 
consistently assessed between the soil incubations and models with carbon substrate in excess 
of microbial demand, a short time scale (10 h), and three assay temperatures (10, 20 and 
30°C). We provide the relative changes (%) in measured and simulated Rmass, as compared to 
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Figure 3. Longer-term (one year) simulated effects of mean annual temperature (MAT) on 
mass-specific soil heterotrophic respiration rates (Rmass), microbial biomass carbon (MBC) 
and soil organic carbon (SOC). The SOC models were simulated using a positive microbial 
carbon use efficiency (CUE)−MAT relationship. Rmass was consistently assessed in the soil 
incubations and models with carbon substrate in excess of microbial demand and three assay 
temperatures (10, 20 and 30°C). We provide the relative changes (%) in measured and 
simulated Rmass, as compared to equilibrium values at 20°C (the gray line), to facilitate 
comparisons between hypotheses and SOC models. 
 
Figure 4. Effects of mean annual temperature (MAT) and micro-environment (vegetated 
patches vs. open areas) on mass-specific soil heterotrophic respiration rates (Rmass) assessed 
in a laboratory incubation of soils from 110 dryland sites (a) and soil organic carbon models 
(b-e). The effect sizes were estimated using the same approach described in Figure 2a (a). 
Carbon use efficiency (CUE) for vegetated patches = exp[−1.58 + 0.015 × (MAT − 10)] (b-c). 
CUE for vegetated patches = exp(−1.58 + 0.015 × MAT) × 1.45 (d-e). Rmass was consistently 
assessed between the soil incubations and models with carbon substrate in excess of 
microbial demand, a short time scale (10 h), and three assay temperatures (10, 20 and 30°C). 
To simplify the interpretation, only the results for 20°C are shown (they are representative of 
the general patterns observed). We provide the relative changes (%) in measured and 
simulated Rmass, as compared to equilibrium values at 20°C (the gray line), to facilitate 
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Figure 5. Effects of mean annual temperature (MAT) and soil microbial extracellular enzyme 
kinetics on mass-specific soil heterotrophic respiration rates (Rmass), simulated by the 
microbial-explicit soil organic carbon model under scenarios of carbon substrate in excess of 
microbial demand. Hypothesizing that both Vmax (the maximal activity) and Km 
(half-saturation constant) decrease with MAT, i.e. Hypothesis 2a in Figure 1b (a). 
Hypothesizing that both Km and Vmax increase with MAT, i.e. Hypothesis 2b in Figure 1b (b). 
The first-order soil organic carbon model does not explicitly include Km and Vmax, so no 
simulation is given. Rmass was consistently assessed between the soil incubations and models 
with carbon substrate in excess of microbial demand, a short time scale (10 h), and three 
assay temperatures (10, 20 and 30°C). 
 
Figure 6. Comparison of simulated and measured mass-specific soil heterotrophic respiration 
rates (Rmass), assuming that a soil assay/incubation temperature matched the mean annual 
temperature (MAT) value of its source site. In our soil organic carbon (SOC) models, we 
incorporated two hypothetical CUE-MAT relationships i.e. positive and negative (Figure 1b). 
Rmass was assessed in models with carbon substrate in excess of microbial demand and a short 
time scale (10 h), consistent with the empirical approach of Dacal et al. (2019). We provide 
the relative changes (%) in measured and simulated Rmass, as compared to their reference 
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Supporting information 
Additional Supporting Information, including Figures S1-S5, Method S1, Tables S1-S2, and 
R code for the soil organic carbon models can be found online in the supporting information 
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